High-altitude atmospheric electricity measurements have been used to calculate the conduction (Wilson) currents that are supplied to the global electric circuit (GEC) by individual electrified clouds. Quantifying the global average current and assessing its temporal variability is a challenge, however, because it requires measurements in every stormy region of the world. Thus, a retrieval algorithm has been developed to infer the electric fields and Wilson currents above electrified weather from NASA ER-2 passive microwave highaltitude aircraft observations that are also common satellite products.
Introduction
The global electric circuit (GEC) describes a series of electrical connections within the Earth system that maintains the electrical potential of the ionosphere relative to Earth's surface (Adlerman and Williams 1996; Markson 2007 ). The GEC is powered by conduction currents (Wilson currents; Wilson 1921 ) generated by electrified weather across the globe. The load on the circuit from the fair-weather atmosphere responds to variations in the generator current supplied by global electrified weather. Changes in the global integrated generator current resulting from solar heating as Earth rotates create a pronounced climatological diurnal cycle in the fair-weather electric field known as the Carnegie curve (Brooks 1925; Whipple 1929; Whipple and Scrase 1936;  a Current affiliation: University of Maryland, College Park, College Park, Maryland. Israel 1973) . The distinct shape of the Carnegie curve changes throughout the year as a result of the uneven distribution of land north and south of the equator (Burns et al. 2017) .
Measuring changes to the circuit load can be accomplished with a single well-sited ground station or research vessel, but quantifying differing contributions to the supply side of the circuit requires frequent global measurements of all types of electrified weather. This includes electrified shower clouds (ESCs; Wilson 1921 ), which are difficult to detect because they do not initiate lightning. Wilson current contributions to the GEC from individual thunderstorms and ESCs have been quantified using the Lighting Instrument Package (LIP; Bateman et al. 2007 ) measurements taken by the NASA ER-2 high-altitude aircraft (Mach et al. 2009 ). LIP consists of multiple electric field mills positioned throughout the aircraft fuselage as well as an atmospheric conductivity probe. These combined measurements at the nominal 20-km ER-2 cruising altitude make it possible to calculate the Wilson current density, which is then integrated spatially to infer the total Wilson current supplied by the storm.
Aircraft measurements are limited to a collection of field campaign overflights, however, that tend to occur in certain key regions of the globe and often have a focus on a particular type of storm. They are not well suited for constructing a representative sample of all types of electrified clouds on global scales. For this reason, remote satellite and long-range ground-based measurements have been used to approximate the composition and overall behavior of the generator current that supplies the GEC. Mach et al. (2011) used ER-2 overflight electric fields to modify the diurnal cycle of total lightning provided by the Lightning Imaging Sensor (LIS) and Optical Transient Detector (OTD) orbital lightning imagers Blakeslee et al. 1999; Cecil et al. 2014) to account for Wilson current contributions from ESCs. Similarly, Hutchins et al. (2014) and Mezuman et al. (2014) each used ER-2 measurements to add ESC contributions to their diurnal cycles of World Wide Lightning Location Network (WWLLN) thunderstorm clusters. Liu et al. (2010) , meanwhile, identified thunderstorms and ESCs in precipitation feature (PF; Nesbitt et al. 2000; Liu et al. 2008 ) data and then used the near-surface rainfall produced by these storm features as a proxy for Wilson current. Reasonable agreements between these lightningbased and rainfall-based proxies and the Carnegie curve provide evidence that the global total generator current is linked to microphysical processes in electrified weather. However, while this exercise in comparisons with the fair-weather electric field measured at ground level is useful for quantifying how the global distribution of electrified weather drives the GEC, it does not draw direct connections between microphysics, electrification, and the generation of Wilson current in individual storms.
To this end, Peterson et al. (2015) developed a retrieval algorithm from ER-2 overflight data that estimates the electric field that would be measured by the LIP field mills from the spatial distribution of Advanced Microwave Precipitation Radiometer (AMPR; Spencer et al. 1994 ) 37-or 85-GHz passive microwave brightness temperatures. As with the LIP electric field measurements, multiplying the retrieved electric fields by the atmospheric conductivity yields an estimate of the Wilson current density across the AMPR swath. The total Wilson current for an ER-2 overpass can then be quantified by integrating the retrieved current density geospatially.
Passive microwave measurements at 37 and 85 GHz are commonly available on satellite platforms in lowEarth orbit. The Global Precipitation Measurement (GPM) constellation, for example, consists of 10 partner satellites with intercalibrated measurements in the 85-91-GHz band (Wilheit et al. 2015 ) that complete a combined ;140 orbits daily. If the ER-2 retrieval can be successfully adapted to general satellite passive microwave datasets, then the level of coverage provided by such orbital systems would allow for an unprecedented direct comparison between Wilson currents retrieved from global electrified weather and the measured fair-weather electric field in Antarctica (Burns et al. 2017 ) at a regular interval. Additionally, the multiple decade passive microwave record provided by the Special Sensor Microwave Imager (SSM/I: Hollinger 1991) could shed light on the long-term variability of the generator current that supplies the GEC.
This study documents the adaptation of the Peterson et al. (2015) passive microwave electric field and Wilson current retrieval algorithm for satellite datasets. Example use cases include gauging the lightning threat from electrified weather, and constructing long-term climatologies and near-real-time analyses of global thunderstorms and ESCs. A single-satellite algorithm would be ill-equipped to respond to this wide array of applications and the diverse collection of passive microwave sensors in orbit. Thus, three variants on the Peterson et al. (2015) algorithm are presented that balance the availability of geospatial data to describe the three-dimensional extent of electrified clouds with the computational expense of the algorithm. The currents retrieved from satellite observations are quantified herein and compared for each of these ''forks'' in the satellite algorithm codebase.
Data and methodology
Developing a satellite version of the Peterson et al. (2015) algorithm opens the retrieval to use cases that are not possible with aircraft overflight data. However, a single unified algorithm would be unable to account for the range of computational constraints, data types, and potential applications. Thus, we divide our development into three forks, with each one leveraging the Peterson et al. (2015) algorithm to fulfill specific balances of scientific accuracy, ancillary data availability, and computational efficiency. While all forks share a common core premise and are derived from the same ER-2 collocated AMPR and LIP dataset from Peterson et al. (2015) , the codebase in each fork is treated independently from the others to satisfy its specific role.
Section 2a documents the common underlying ER-2 data that are used by the aircraft and satellite versions of the electric field and the Wilson current retrieval algorithm. Section 2b describes the Peterson et al. (2015) ER-2 algorithm on which the satellite algorithm is based. Finally, section 2c discusses the motivations behind each fork of the satellite algorithm and highlights the differences between them.
a. The ER-2 algorithm basis dataset
This study uses the ER-2 algorithm basis dataset from Peterson et al. (2015) with a few notable improvements in artifact removal and cloud type identification. These changes affect the underlying data but not the computations in the Peterson et al. (2015) algorithm. As in Peterson et al. (2015) , we resample the LIP electric field measurements to the AMPR scan interval, removing LIP lightning spikes and instrument drift from charging on the aircraft, and then integrate the LIP measurements into the AMPR record at one LIP electric field sample per AMPR scan. The result is a time-matched collocated dataset for both ER-2 instruments. Four field projects are considered: the third and the fourth Convection and Moisture Experiments (CAMEX-3 and CAMEX-4, respectively; Kakar et al. 2006) , the Tropical Cloud Systems and Processes (TCSP) mission (Halverson et al. 2007) , and the Tropical Rainfall Measuring Mission Large-Scale Biosphere-Atmosphere Experiment (TRMM-LBA; Halverson and Rickenbach 2002) . The combined dataset includes over 200 000 points of comparison between the AMPR scene below the ER-2 and the LIP electric field measured at the aircraft position.
One of the challenges of working with the AMPR passive microwave data is that cold brightness temperatures over the ocean surface introduce artifacts that resemble cold cloud regions. These ocean surface artifacts were a significant source of error in Peterson et al. (2015) . The retrieval works with passive microwave brightness temperatures exclusively over electrified clouds and does not handle surface artifacts well. Even a few contaminated pixels cause errors in the retrieved electric fields that become spread over a large area. Thus, it is necessary to apply a strict filter over the ocean to remove as many artifacts as possible before the AMPR data are passed to the retrieval. In Peterson et al. (2015) , we were able to identify individual oceanic cases without notable surface artifact contamination, and in these cases the retrieval was shown to produce electric field estimates that agree with LIP.
To reduce the number of ocean cases that are impacted by surface artifacts, we have developed an improved surface feature filter that removes thousands of clear-air ocean pixels and all of the identifiable false cloud features from the ER-2 dataset. The filter consists of two components. First, a mask is applied to identify oceanic regions where the 10-GHz AMPR brightness temperature is below 160 K and the 37-GHz brightness temperature is below 215 K. These regions are flagged as possible ocean surface artifacts. Next, microwave features are constructed that bound contiguous oceanic regions in the AMPR swath that are either flagged as ocean surface artifacts or have 85-GHz brightness temperatures above 270 K. These features may include combinations of clear-air regions and nonconvective portions of electrified oceanic clouds. Any such oceanic feature .500 km 2 in size is considered to be contaminated by the ocean surface and removed from the sample.
We emulate the scan geometry of an orbital passive microwave sensor by regridding the high-resolution AMPR brightness temperatures to the spatial resolution of the 85-GHz channel of the TRMM Microwave Imager (TMI) at 5-km cross track and 7-km down track (Kummerow et al. 1998) . LIP measurements are also regridded by recording the average electric field in each larger pixel. The purpose of this regridding is to use the large volume of AMPR measurements rather than a small number of coincident TRMM overpasses to determine coefficients in the Peterson et al. (2015) algorithm that are compatible with the TMI scan geometry.
b. The Peterson et al. (2015) ER-2 algorithm
The passive microwave electric field retrieval algorithm from Peterson et al. (2015) uses the AMPR 37-or 85-GHz observations of clouds below the aircraft to estimate the electric field that is measured by LIP at the ER-2 location and cruising altitude (nominally 20 km). The premise of the algorithm stems from the role of ice in cloud electrification. According to noninductive charging (NIC; Reynolds et al. 1957; Takahashi 1978; Jayaratne et al. 1983; Saunders et al. 1991; Saunders and Peck 1998; Takahashi and Miyawaki 2002; Mansell et al. 2005) , electrons are transferred between small ice particles and large graupel pellets rimed with supercooled liquid water when they collide. The small ice particles typically lose electrons to the graupel pellets. When they are lofted by the convective updraft and collect near the top of the cloud, the small ice particles create an upperlevel positive charge region. The negatively charged graupel pellets, meanwhile, remain near in the midlevels of the storm. This results in a dipole charge structure that generates Wilson current.
Real-world charge structures are more complicated than this simple dipole model (i.e., Williams et al. 1989 ). However, we still assume that the more ice that exists in a storm cloud, the greater the potential for collisions and charge transfer, resulting in stronger 20-km electric fields and Wilson currents. Passive microwave observations at 37 and 85 GHz are diagnostic of column-integrated ice water path (Vivekanandan et al. 1991) . Thus, the algorithm supposes that passive microwave observations at these frequencies are related to ice content, ice content to charging, and charging to electric field and Wilson current generation. Evidence for connections between passive microwave measurements and the thunderstorm electrification can be found in another consequence of charge separation: lightning activity. Total lightning production has been repeatedly linked to passive microwave measurements in LIS and TMI measurements on the TRMM satellite (Toracinta et al. 2002; Liu et al. 2011; Prigent et al. 2005; Blyth et al. 2001; Cecil et al. 2005) .
The Peterson et al. (2015) algorithm computes the electric field across the passive microwave swath in a series of three processing steps. The first step is to approximate the geospatial distribution of charge from the passive microwave data. This is accomplished by using the passive microwave brightness temperature in each cloud pixel as a proxy for charge separation. Each pixel is assigned a charge whose strength is based on the local brightness temperature. Peterson et al. (2015) considered multiple proxy functions for charging and found that a second-power polynomial for this relationship was able to best capture how the electric fields change relative to the passive microwave brightness temperatures between weak ESCs and intense thunderstorms. The charging proxy function ( f ) is defined as follows:
where T benv is the brightness temperature of the environment outside of the cloud region, T b is the brightness temperature of the pixel of interest, and n 5 2. The environmental temperature is arbitrary, but the selected value will affect the coefficients derived in the third processing step. We do not define empirical coefficients at this stage since this relation is a proxy still in passive microwave brightness temperature units (K   2   ) . We generally use a value of 300 K for the environmental temperature.
Computational constraints and a lack of information on the vertical charge distribution of the overflown storms motivated Peterson et al. (2015) to simplify the algorithm's model of electrified cloud charge structure using a single layer of net charges. Ideally, each AMPR pixel would contain a positive charge nearer to the aircraft and a lower negative charge, and these two charges would generate a net positive electric field at the aircraft location. Instead, a single net positive charge is placed near the top of the radar graupel signature that separates the small ice particles above from the graupel below. Three-dimensional radar data are not available for most ER-2 overflights, however. In these cases, the heights of the net charges are assigned using a lookup table that provides the mean 30-dBZ echo-top height in TRMM Precipitation Radar (PR) measurements associated with a specified TMI brightness temperature. Though 85-GHz brightness temperatures and 30-dBZ echo-top heights are both diagnostic of convective vigor, it is important to note that the relationship between these two parameters is not unique (Toracinta et al. 2002) . We account for such differences by creating separate lookup tables for land and ocean storms. The assigned altitudes range from 8 to 14 km.
Once the charge distribution is approximated, the second processing step applies Coulomb's law to create a proxy for the full three-dimensional electric field vector at each grid point across the passive microwave swath. For each individual pixel, the electric field contribution from every surrounding net charge is calculated based on its approximate strength from Eq. (1) and the distance between the charge and the observer. The results are then integrated to approximate the net electric field vector that would be measured at that position and the ER-2 altitude.
The final step is to estimate the measured electric field from the proxy electric field vector. To do this, electric field proxy values at the ER-2 location in each AMPR scan are compared with their counterparts in the LIP measurements. A total of 200 000 points of comparison between the two instruments are used to construct a transfer function that provides the best fit to the recorded LIP data. However, the transfer function depends on the passive microwave scan geometry and must be recomputed for radiometers that have different pixel sizes. The transfer function for AMPR at its native resolution is
where E est is the estimated electric field (V m 21 ) and E proxy is the proxy electric field (K 2 m 22 ) from Eq. (1).
The transfer function for the TMI 85-GHz channel is The TMI-resolution retrieved electric fields, meanwhile, peak at 200 V m 21 in the center of the LIP feature. The coarse microwave grid prevents the retrieval from reproducing the dual-peak curve across the overflight, while higher brightness temperatures from beamfilling keep the retrieved electric fields from reaching the 300 V m 21 peak of the retrieval at the native AMPR resolution. Beamfilling is an important source of uncertainty for the satellite algorithm because of the comparably large pixel sizes of orbital instruments. Small isolated cases like the features in Fig. 1a can have peak electric fields and current densities that are underrepresented by the algorithm. For the case in Fig. 1 , the peak electric field is underreported by ;33% in the TMI-resolution retrieval. The algorithm is constructed under the assumption of a convective charge structure that produces positive (upward) Wilson currents. This is consistent with the ER-2 overflights, 93% of which recorded positive current (Mach et al. 2010) . However, an anomalously high fraction of negative Wilson currents is found when only the ER-2 overflights of a mature system with large stratiform regions are considered (Deierling et al. 2014) . Because the Peterson et al. (2015) algorithm has no mechanism for inferring the polarity of the storm, retrieved electric fields over stratiform regions may have the correct strength but the wrong sign. This can lead to total integrated Wilson currents in mesoscale convective systems (MCSs) that are notably stronger than what is considered a physical range.
We apply a simple convective and stratiform partitioning scheme to the AMPR data that assigns a cloud type based on the intensity and texture of the microwave signals in the 85-GHz cloud scene. AMPR pixels that either have brightness temperatures below 200 K or are 20 K colder than the average brightness FIG. 1. An example AMPR overflight with LIP measurements and AMPR retrieved electric fields showing the 85-GHz passive microwave brightness temperature field (a) on the native AMPR grid and (b) regridded to the resolution of the TMI, and (c) the strength of the measured and estimated electric field along the flight track.
temperature of the surrounding .200-K cloud feature are considered convective while the remaining cloud pixels are defined as stratiform. Electric fields produced by the retrieval at the native AMPR resolution and the regridded TMI resolution in convective and stratiform clouds are compared in Fig. 2 . Cumulative electric field distributions for all cloud types over land are shown in Fig. 2a . Overall, the range of electric fields provided by the retrieval agree with the LIP measurements. AMPR estimates at the native resolution (dashed line) fall slightly lower than LIP, but the TMI-resolution retrieved electric field distribution (dotted line) is nearly indistinguishable from the LIP curve (solid line). Beamfilling effects become apparent in the convection-only distributions (Fig. 2b) . The retrieved electric fields at the native AMPR resolution agree with LIP in all but the most extreme cases, where the limited AMPR swath width often misses part of the storm, as noted in Peterson et al. (2015) . By comparison, the TMI-resolution retrieval produces electric fields in the 200-500 V m 21 range less frequently than the native AMPR resolution retrieval. Distributions of the retrieved electric fields over landbased stratiform clouds (Fig. 2c) are in better agreement with LIP than convection. This is partly due to the relatively large extent of stratiform regions compared to convective features and thus less beamfilling effects. What is important to note here is that the range of retrieved electric fields either agrees with LIP (TMI resolution) or slightly favors weaker retrieved values (AMPR resolution). The fact that stratiform retrieved electric fields are not significantly higher than LIP measurements suggests that the lack of polarity information is responsible for anomalously high stratiform currents and not-higher-than-expected electric fields produced by the retrieval.
Distributions for oceanic overflights are shown in Figs. 2d-f. The ocean surface filtering in Peterson et al. (2015) was ineffective to the point that the slope between 37-GHz retrieved electric fields and LIP measurements was actually negative overall and the strongest retrieved electric fields were generally associated with clear-air cases. For this reason, we ignored the ocean results in Peterson et al. (2015) except in carefully selected cases where ocean surface artifacts were not evident.
With the new artifact removal scheme in this study, the 85-GHz retrieved electric fields at least resemble the LIP measurements, but it is clear that ocean surface artifacts still remain. Such artifacts are particularly pronounced in the convective category and increase the retrieved electric fields in Fig. 2e to the point that 66% of the retrievals are greater than 400 V m 21 compared to 50% of the LIP measurements. Such a distinct separation between the curves in this region is not evident in land-based convection (Fig. 2b) .
More recent field programs with ER-2 overflights, such as the Integrated Precipitation and Hydrology Experiment (IPHEx; Barros et al. 2014 ) in 2014 and the Geostationary Operational Environmental Satellite (GOES-R) field campaign in 2017 (Goodman et al. 2013) , have reported AMPR polarization-corrected temperatures (PCTs; Spencer et al. 1989 ) that compensate for land and ocean emissivity differences and place passive microwave measurements in both regions on an even field. It was not possible to incorporate these measurements into the present study, but they will be considered in future work.
c. Variations on the satellite passive microwave electric field retrieval algorithm
We develop three variants of the algorithm outlined in section 2b for use with satellite data that are designed to meet specific operational needs. These forks ingest similar passive microwave data but differ in the ancillary data that they require and in their computational expense. The motivations behind each fork and their deviations from the Peterson et al. (2015) algorithm are discussed below.
1) THE PASSIVE MICROWAVE AND RADAR FORK
The first fork of the satellite algorithm uses coincident radar measurements to construct an accurate representation of the three-dimensional precipitation structure of electrified clouds and is intended for general scientific use. It is computationally identical to the Peterson et al. (2015) algorithm, but it uses the coincident radar profiles to characterize the vertical extent of the electrified clouds rather than making assumptions based on a lookup table of average values. This allows the algorithm to represent the proximity of charges to the observer at 20-km altitude in all types of electrified weather and to account for clouds that may have the same 85-GHz brightness temperature but vastly different vertical extents, for example, land and ocean storms, or summer and winter convection. We use this version of the algorithm to compute the global generator current from TRMM and GPM observations, and to assess its temporal variability on many time scales in Peterson et al. (2017) .
There are four caveats with this fork that limit its utility. First, the requirement of coincident radar profiles reduces the number of satellite platforms with which it can be used. Global coverage, for example, is practical only with the TRMM and GPM Core Observatory satellites, while regional analyses require data fusion with ground-based radar networks. Second, the added radar data increase the computational requirements of the algorithm in terms of data storage and CPU utilization. The pixel integration method used by this algorithm is computationally inefficient and adding the radar data further increases demand on the system. Third, radar profiles for the most intense convection may have 30-dBZ echoes that encroach upon the 20-km observer. Placing charges too close to the observer (i.e., at 19 km) invalidates our charge layer simplification. The distancesquared term in Coulomb's law then produces unrealistic retrieved electric fields and Wilson currents for these cases. Such storms are rare but have a notable impact on the global retrieved current. We mitigate this effect by defining a maximum charge height at 18 km.
Finally, the fourth limitation is the lack of polarity information provided by the algorithm. We combat this by looking only at convection and assuming a negligible overall net contribution from clouds identified as stratiform by the TRMM 2A23 algorithm (Awaka et al. 2007 ). Most electrified clouds (93%) observed by the ER-2 have positive vertical electric fields resulting in upward-directed Wilson currents (Mach et al. 2010 ). Deierling et al. (2014) partitioned the ER-2 overflights by storm type and phase and found high fractions of downward currents with dissipating stage storms and stratiform clouds. Modeling results by Davydenko et al. (2011) , meanwhile, found that whether an MCS contributes positive or negative current depends on its charge structure. Of the five ''type A'' charge structure MCSs sampled, all produced negative Wilson currents ranging from 23 to 29 A. An additional 10 ''type B'' MCSs were examined with some producing positive Wilson currents and others producing negative Wilson currents. Overall, more than 50% of stratiform clouds produced negative Wilson currents. This is also supported by the analysis of positive and negative polarity lightning flashes recorded by the National Lightning Detection Network (NLDN) collocated with TRMM LIS and PR measurements in Peterson (2014) . NLDN strokes in the southern portion of the United States within the TRMM PR swath are assigned to LIS flashes if they occur within the cloud region illuminated by the flash during the LIS flash duration. Illuminated cloud pixels are considered ''convective'' if they have a convective PR rain type and rainfall is detected by the PR near the surface, and ''stratiform'' if they have a stratiform PR rain type and near-surface rain. Of all NLDN strokes that occur within LIS flashes illuminating primarily (.70%) stratiform cloud, 40%-60% were anomalous positive polarity. These results all suggest that we might expect a large fraction of the positive Wilson current contributed by electrified stratiform clouds to be nullified by invertedpolarity cases.
2) THE PASSIVE-MICROWAVE-ONLY FORK
The second fork is computationally identical to the Peterson et al. (2015) algorithm. Since it lacks vertical radar profiles, the passive-only fork is unable to represent the hydrometeor configurations in each cloud surveyed by the satellite, however. As in Peterson et al. (2015) , this passive-only fork approximates the vertical extent of observed storms with average values from a TRMM-derived lookup table. The charge layer height will be assigned based on the geographical location of the storm and the local 85 GHz PCT of the microwave pixel. Possible charge layer heights range from 8 to 14 km. Because it does not depend on ancillary data, however, this fork can be used with any passive microwave radiometer in orbit that has an 85-GHz channel.
In addition to the lack of measured cloud height information, the passive-only fork shares two of the limitations of the first radar-added fork: the computational expense of integrating over satellite swaths and the lack of polarity information that motivates us to focus on convective precipitation.
3) THE MICROWAVE COLD CLOUD FEATURE FORK
While the first two forks have a research focus and provide the most accurate current estimates possible for a given storm, the third fork prioritizes computational efficiency in order to minimize product latency. Rather than integrating pixel by pixel over hundreds to hundreds of thousands of orbital swaths, the third fork queries a database of passive microwave cold cloud features (,250 K at 85 GHz) and uses the reported feature areal extents and minimum brightness temperatures to infer the amount of current the feature should produce. Because it relies on the least detailed representation of the distribution of charge across the electrified cloud, it is intended for near-real-time applications as a ''first guess'' to be replaced by the passiveonly or radar-added retrieved currents once they finish processing. It can also be used to quantify global changes in the overall frequency, intensity, and scale of electrified weather on long time scales.
The feature-level fork is constructed from AMPR 85 GHz , 250 K features. Total Wilson currents are computed by integrating the Peterson et al. (2015) pixel-level current densities over the feature area. These pixel-integrated currents are then compared with a feature-level proxy that depends on extent and convective intensity. The feature-level current proxy is defined as follows:
where T b-min is the minimum 85-GHz brightness temperature of the feature; A Tb,250K , A Tb,200K , and A Tb,150K are the feature areas with brightness temperatures below 250, 200, and 150 K, respectively; and a 1 , a 2 , c 1 , c 2 , c 3 , and n are constants that we tune to find the best fit with the total integrated current provided by the Peterson et al. (2015) algorithm. We find an optimal fit for the pixel-integrated current with coefficients of n 5 2, a 1 5 1.12 3 10 28 A m 22 K 22 , a 2 5 0 , c 1 5 c 2 5 1, and c 3 5 3. Feature-level currents are compared with pixel-integrated AMPR currents (r 2 5 0.98) and LIP-only estimates (r 2 5 0.75) in Fig. 3 . The LIP current estimates are provided by Mach et al. (2010) and collocated to the nearest AMPR feature. Methodological differences limit the goodness of fit with the LIP currents (Fig. 3b) , but the two AMPR estimates agree across the ER-2 current spectrum. Current distributions are shown for the three estimation methods in Fig. 3b . All three distributions peak between 100 and 200 mA. The key difference between the Peterson et al. (2015) integrated currents and the feature-level currents is that the latter is more likely to miss weak events. Features with no discernible feature-level current account for 22% of all AMPR features compared to 2% for passiveonly AMPR pixel-integrated currents. However, these weaker features that produce ,0.1 A are primarily weakly electrified shower clouds that are not evident in the LIP Wilson current estimates, either.
Results
We compare the different satellite estimates to one another and to known measures of atmospheric electricity in the following sections. Retrieved currents are compared between the forks in section 3a. Retrieved currents are then compared to LIS total lightning activity in section 3b. Finally, the diurnal cycles for the total retrieved current are compared with the Carnegie curve in section 3c.
a. Statistics of satellite-retrieved Wilson current
The key computational difference between the three forks lies in how much information each has about the three-dimensional structure of the electrified clouds.
The radar-added fork has the most detailed representation of the horizontal and vertical extents of the cloud. The passive-only fork has the same picture of the electrified cloud horizontal extent with additional ambiguity in the vertical extent as a result of the use of a lookup table. The feature-level fork has an unclear picture of the horizontal and vertical geometry of the cloud. It is informed that there is an electrified cloud at a geographical location and is provided information on its spatial extent and peak intensity, but it has no information on how charge is distributed over the feature area. It attempts to infer the Wilson current using only these feature-level properties.
The result of these algorithm differences can be seen in the global distributions of total current. Figure 4 shows the global (Fig. 4a), zonal (Fig. 4b) , and meridional (Fig. 4c ) distributions of current retrieved by the radar-added algorithm using the first 2 years of GPM Core Observatory data. The global generator current is concentrated in the tropics (Fig. 4b ) with separate peaks above and below the equator. Secondary maxima can be noted in the midlatitudes at ;308 north or south before falling off to zero in the high latitudes. The current is not distributed evenly along the equator, but it is instead clustered into three key regions known as the continental chimneys of the Americas, Africa and Europe, and Asia (Fig. 4c) .
To contrast the global current from the radar-added fork in Fig. 4 , the global current estimated using the feature-level fork applied to 25 years of SSM/I data is shown in Fig. 5 . The zonal and meridional total current distributions from GPM are displayed as dashed lines for reference. The same features from Fig. 4 can be identified in Fig. 5 , including a concentration of current along the equator and in the three continental chimney regions. Unlike the pixel-integrated retrieved currents in Fig. 4 , however, the feature-level fork produces significant current contributions in the northern expanses of Europe and North America. Additionally, the Africa chimney produces almost as much current as the Americas rather than coming in a distant third as before. Thus, while the broad strokes of the current map remain the same, differences in how the forks describe storm structure affect the fraction of the total current contributed by a given region of the world.
Differences between the algorithm variants can also be noted in the distributions of current from individual satellite PFs (Liu et al. 2008) . We define electrified cloud features (ECFs) as contiguous regions of rainfall near the surface measured by the TRMM PR (radar precipitation features) that are at least four PR pixels in size and produce Wilson current according to the retrieval. Histograms and cumulative distributions for land and ocean thunderstorms and shower cloud ECFs are shown in Fig. 6 . An ECF is identified as a thunderstorm if the LIS detected a lightning flash within its boundaries. Land is partitioned from the coastal ocean at the shoreline, while the open ocean is distinguished from the coastal ocean at a constant 1000 km from shore.
Generally speaking, the total Wilson currents supplied by electrified shower clouds can be described in terms of milliamps, while thunderstorms typically 
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produce currents in the range of amps. The shower cloud Wilson currents retrieved using either the radar-added or passive-only algorithm converge after 100 mA, but the passive-only algorithm is more likely to produce weaker currents (,1 mA) than the radaradded algorithm. The feature-level fork, in contrast, produces shower cloud currents in excess of 100 mA more frequently than either of the pixel-integrated forks. Though the peaks of the feature-level and radar-added histograms overlap, the propensity of the feature-level algorithm to produce strong ESC currents and its inability to resolve currents below the milliamp range leads to a cumulative ESC distribution that is higher than the other forks-especially over the ocean (Figs. 6c,e) . The feature-level retrieval that frequently produced strong ESC currents also produces the weakest thunderstorm currents. The feature-level thunderstorm current histogram eventually agrees with the passive-only curve, but only for the strongest land and ocean thunderstorms. The median thunderstorm Wilson current from the feature-level algorithm is 0.04 A over land, 0.09 A over the coastal ocean, and 0.1 A over the open ocean compared to 0.15, 0.3, and 0.5 A for the passive-only fork, and 0.3, 0.7, and 1 A for the radar-added fork. The radaradded algorithm routinely produces stronger thunderstorm currents than the passive-only fork because the radar profiles account for high echo tops in individual cases of intense convection. The lookup table used in the passive-only fork provides only an average height across many storms.
b. Retrieved Wilson currents and LIS total lightning
The combination of passive microwave observations and total lightning detection on the TRMM satellite makes it an ideal platform to examine the link between lightning production and the microphysical properties of the parent thunderstorm. We are particularly interested in how steady-state Wilson currents (;1 A; . ;600 s) that drive the direct current (dc) branch of the global circuit relate to the rapid high-current lightning discharges (;1000 A; ,1 s) that drive the alternating current (ac) branch of the GEC (Rycroft et al. 2008) . As both processes stem from the same separation of charged ice particles in an electrified cloud, there is likely some connection between them. The first question that we address is how much current is produced by a storm before it begins to pose a lightning threat. Figure 7 computes the fraction of features with a particular current that are thunderstorms in land, coastal, and open ocean regions. Thunderstorm probabilities are computed separately for each fork of the satellite algorithm applied to the same set of TRMM ECFs. In each case, the probability of lightning increases with Wilson current on a broad range from 10 25 to 10 A.
The radar-added and passive-only forks approach 100% beyond 10 A. We will focus on the radar-added fork because it has the best representation of the three-dimensional structure of the storm. If we consider a 1% chance of lightning to be a reasonable level of risk, then we should pay attention to land-based storms that produce .1.7 mA, coastal oceanic storms that produce .27 mA, and open ocean storms that produce .100 mA. These thresholds also include 80% of ESCs over land, 15% of ESCs over the coastal ocean, and 5% of ESCs over the open ocean as false detections (Figs. 6a-c) . Increasing the acceptable risk to 5% results in a lightning threshold of 12, 80, and 400 mA for land, coastal ocean, and open ocean regions, respectively, while increasing the acceptable risk further to 10% places the lightning threshold at 27, 180, and 960 mA, respectively. Meanwhile, 75% of land-based storms that produce 1 A of current are thunderstorms compared to just 36% of coastal ocean storms and 12% of open ocean storms.
ECF retrieved Wilson currents produced by the three forks are compared with LIS flash rates in Fig. 8 . Twodimensional cumulative histograms are shown. The first, second (median), and third quartiles of the current distribution for a given flash rate are overlaid. A statistical fit to the median is also shown to highlight the difference in slope between the distributions. The histograms for each fork follow a power-law relationship that varies considerably between land and ocean regions. A typical land-based thunderstorm that is producing one flash per minute tends to generate tens of milliamps. Its coastal counterparts, however, are likely to produce .100 mA, while thunderstorms with the same flash rate over the open ocean often produce hundreds of milliamps or more of Wilson current.
While the one-flash-per-minute intercept increases offshore, the slopes of the distributions decrease. The retrievals suggest that high-flash-rate storms-with 100 or more flashes per minute-produce the same amount of current whether they occur in continental FIG. 5 . As in Fig. 4 , but using SSM/I passive microwave observations only to construct the global current distributions. GPM distributions are overlaid in (b) and (c).
or oceanic regions. Another way of interpreting this trend is that while lightning may not be triggered until storms produce considerably stronger Wilson currents in an oceanic environment, the increase in current that accompanies each additional flash per minute is lower over the ocean than over land.
c. Retrieved Wilson currents and the Carnegie curve
The Carnegie curve tracks the diurnal change in the GEC through the fair-weather load on the circuit. It is a robust climatological variation that has been documented for nearly a century (Whipple 1929; Whipple and Scrase 1936) . The Carnegie curve is the best available diagnostic for the performance of the satellite retrieval because it integrates total Wilson current contributions from across the globe. If the Wilson currents produced by the algorithm are reasonable for individual ECFs, then integrating them over 13 years of TRMM observations should produce a good agreement with the Carnegie curve. Figure 9 computes the diurnal cycle of the total generator current across the TRMM domain retrieved using the radar-added fork (Fig. 9a) , the passive-only fork (Fig. 9b ), and the feature-level fork (Fig. 9c) . The overall total current (gray dashed) and land-only total current (blue dashed) are compared with the classic annualaveraged Carnegie curve (gray) and the LIS/OTD lightning climatology (blue). The globe is divided into longitude quadrants aligned with the continental chimneys. Current contributions from the Americas (124.58-34.58W), Africa and Europe (34.58W-55.58E), , and the Pacific (145.58E-124.58W) are shown as thin solid lines.
The diurnal cycles produced by the radar-added fork are shown in Fig. 9a . The retrieved global current agrees in both phase and amplitude with the Carnegie curve, while the total land-only current agrees in overall phase and amplitude with the diurnal cycle of lightning, which primarily occurs over land. The key difference between the retrieved current curve and the Carnegie curve is that the retrieval produces more current between 0500 and 1200 UTC and less current between 1200 and 1800 UTC than the Carnegie curve would suggest. Peterson et al. (2017) links this discrepancy to the simplification of the electrified cloud charge structure to a single layer of net charges. If the radar profiles place charges too close to the observer, then the distancesquared term in Coulomb's law generates unrealistic electric fields. This was remedied using an observer at a higher altitude that was not too close to the cloud top and that produced an excellent agreement with modern observations of the Carnegie curve (Burns et al. 2017 ) in all seasons.
The passive-only retrieval is identical to the radaradded retrieval in all aspects other than how it handles the vertical extent of electrified clouds. It produces an improved fit with the Carnegie curve even without the added radar profile information in Fig. 6b . The chimney contributions (solid thin lines) are nearly identical between Figs. 6a and 6b with two key exceptions: the Africa peak at 1500 UTC accounts for a larger share of the total current in the passive-only fork, while the current contributed by nocturnal storms over Asia at 2000 UTC rivals the collocated Americas' peak in the radar-added fork only.
Unlike the first two forks that use a pixel-integration technique, the feature-level retrieval underestimates the amplitude of the Carnegie curve and peaks too early in the afternoon. This is largely due to overestimating the oceanic contribution to the total, as the land-based curve (dot-dashed line) peaks at the same time as the Carnegie curve. Much of the bias comes from the Pacific quadrant, which contributes more than Africa and almost as much as the Americas and Asia at all UTC hours. Improving the representation of oceanic and possibly stratiform contributions to the feature-level retrieval will be necessary for it to be used beyond a first-guess estimate. FIG. 7 . The fraction of features with a given total current that are thunderstorms for (a) land, (b) coastal ocean, and (c) open ocean features. Separate curves are shown for the radar-added algorithm with TMI and PR (gray), the passive-only algorithm with TMI (blue), and the feature-level algorithm (yellow).
The degree to which each retrieval agrees with the Carnegie curve is quantified in Table 1 . Root-mean-square (RMS) and maximum difference error statistics are reported for the diurnal cycles of the total current retrieved by each fork over the entire TRMM domain and over land only. Error statistics were reported in Peterson et al. (2017) that summarized previous approximations in the literature. The two closest approximations to the Carnegie curve came from Mach et al. (2011) and Liu et al. (2010) . Mach et al. (2011) modified the diurnal cycle in total lightning activity to account for Wilson current contributions from ESCs, resulting in a 4.4% RMS difference and an 11% maximum difference. These results depend on ER-2 sampling biases of thunderstorms relative to ESCs, however. Assuming that the ER-2 undersamples ESCs by a factor of 3 improves the agreement with the Carnegie curve to 3.4% RMS error and a 6.9% maximum difference. Liu et al. (2010) , meanwhile, approximates the Carnegie curve using thunderstorm and ESC rainfall contributions as a proxy for Wilson current. The diurnal cycle of rainfall from all regions and storm types produces a curve with a 4.1% RMS difference and a 9% maximum difference from the Carnegie curve. If only land-based thunderstorms are considered, however, then the fit improves to 3.3% RMS error and a 6.4% maximum difference.
The radar-added fork applied to the TRMM dataset approximates the Carnegie curve with a 3.8% RMS error and a 9.6% maximum difference. Unlike Liu et al. (2010) , looking at land only worsens our error statistics to 11.2% RMS error and a 20% maximum difference. Thus, land and ocean currents are necessary for the retrieval to capture the Carnegie curve. The passiveonly fork, meanwhile, reproduces the Carnegie curve to within 3.2% RMS error and with a 6.1% maximum difference. These statistics are notably better than the optimal Carnegie curve matches in Liu et al. (2010) and Mach et al. (2011) , but without the tuning they employ to achieve an excellent fit. Finally, the feature-level fork produces the worst error statistics with 7.3% RMS error and a 12.9% maximum difference. Thus, the feature-level approximation is best suited as an interim product that can map and monitor global thunderstorms and ESCs while the other forks are still processing.
Conclusions
The Peterson et al. (2015) electric field retrieval algorithm is adapted for use with passive microwave satellite datasets. Three variants, or ''forks,'' are defined that balance the availability of coincident ancillary data with computational efficiency and product latency. These forks primarily differ in how they represent the three-dimensional distribution of charge in electrified clouds. The first fork emulates the original Peterson et al. (2015) algorithm while requiring coincident radar profiles to directly prescribe the vertical extent of the electrified cloud. The second fork is a direct application of the Peterson et al. (2015) and uses a lookup table to infer the vertical cloud extent. Finally, the third fork estimates Wilson currents from the properties of passive microwave cold cloud features. The feature-level fork requires the least amount of input data and is devised to provide a ''first guess'' approximation of the Wilson current from an observed electrified cloud feature.
We apply these algorithms to SSM/I, TRMM, and GPM Core Observatory measurements to compare the retrieved current from individual storms, global maps of the retrieved current, and the diurnal cycle of the global retrieved current. We also compare the retrieved currents to LIS total lightning measurements and the Carnegie curve. Familiar elements of global atmospheric electricity, such as high contributions from the tropical chimneys 9 . Diurnal cycles of the retrieved current across the TRMM domain calculated using the radar-added algorithm with (a) TMI and PR data, (b) the passive-only algorithm with TMI, and (c) the feature-level algorithm. The total current (gray dashed) is compared with the land-only current (blue dashed) and both the Carnegie curve (gray solid) and the LIS/OTD climatology from Cecil et al. (2014) (blue solid). The current contributions from longitude quadrants centered on the tropical chimneys are also shown (thin solid).
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and the distinct diurnal cycle of the Carnegie curve, are found in the satellite-retrieved currents. The retrieval likewise reinforces findings from the ER-2 aircraft data that oceanic thunderstorms produce more Wilson current than their land-based counterparts. We plan to use these algorithms in a variety of applications that describe the global state of electrified weather. Long-term passive microwave records provided by instruments such as SSM/I will allow us to document the variability of the global generator current over multiple decades. Intercalibrated passive microwave measurements by the radiometers of the GPM constellation can be used to construct global current maps every ;3 h and to describe changes in the supply side of the GEC from one day to the next. These retrieved currents will also allow us to make direct comparisons between the GEC generator current provided by electrified weather and ground-based fair-weather electric field and global temperature measurements.
